The integration of segregated brain functional modules is a prerequisite for conscious awareness during wakeful rest. Here, we test the hypothesis that temporal integration, measured as longterm memory in the history of neural activity, is another important quality underlying conscious awareness. For this aim, we study the temporal memory of blood oxygen level-dependent signals across the human nonrapid eye movement sleep cycle. Results reveal that this property gradually decreases from wakefulness to deep nonrapid eye movement sleep and that such decreases affect areas identified with default mode and attention networks. Although blood oxygen level-dependent spontaneous fluctuations exhibit nontrivial spatial organization, even during deep sleep, they also display a decreased temporal complexity in specific brain regions. Conversely, this result suggests that long-range temporal dependence might be an attribute of the spontaneous conscious mentation performed during wakeful rest.
T he human brain displays complex spatiotemporal patterns of energy-consuming activity, even in the absence of an explicit task or stimulation (1) . Large efforts have been devoted to the study of spontaneous neural activity encoded in the slow (∼0.1 Hz) fluctuations of the blood oxygen level-dependent (BOLD) signal, which are measured with functional MRI (fMRI). Nontrivial spatial organization of functional brain activity in resting state networks (RSNs) was consistently shown (2) (3) (4) , comprising brain regions with high BOLD signal coherence and anatomical consistency with systems activated during task performance or stimulation (5) .
Remarkably, although human nonrapid eye movement (NREM) sleep is characterized by impaired awareness and reduced conscious mentation, organization into RSNs is preserved in light sleep (6) and to a large extent, deeper sleep stages (7, 8) (SI Appendix, Fig. S8.1 ). In particular, the default mode network (DMN; a set of task-deactivated regions implied with internal conscious cognitive processes) (9, 10) was repeatedly observed during deep sleep, albeit with reduced frontal connectivity (11, 12) . Although brain modules are preserved, even in the absence of conscious awareness, their functional integration is greatly impaired (8, 13, 14) , which was predicted by an information integration account of consciousness (15) . These results suggest that ongoing conscious mentation is not the only origin of RSN activity, whereas the level of consciousness is reflected in the interaction of functional networks.
However, brain activity is not completely characterized in the spatial domain only. fMRI BOLD signals display rich temporal organization, including scale-free 1/f power spectra and long-range temporal autocorrelations (16) (17) (18) , with activity at any given time being influenced by the previous history of the system up to several minutes into the past. These landmarks of complex information processing and rapid adaptability are shared by many systems found in nature (19, 20) . Evidence for such properties is also manifest in recordings from other modalities, such as EEG/ magnetoencephalography (21, 22) and electrocorticography (23, 24) . Long-range temporal correlations are ubiquitous in behavioral data (25) (26) (27) , with behavioral long-range autocorrelations related to autocorrelations of underlying brain activity time courses (28) .
The only studies to date addressing temporal properties of the BOLD signal during sleep have shown increased signal variance during early stages (29, 30) ; however, signal variance is, in principle, independent of long-range temporal correlation and thus, may fail to detect changes in temporal complexity. Given that long-range temporal memory is characteristic of the complex neural information processing taking place in the human cerebral cortex-and in particular, the spontaneous conscious mentation occurring during wakeful rest-we hypothesize that a breakdown of long-range temporal correlations will occur during the descent to deep sleep. In the present work, we put this hypothesis to test by studying, in a group of 63 subjects, changes in the voxelwise spatial distribution of the Hurst exponent (a measure of longrange temporal dependence) of fMRI BOLD signals across all stages of the human NREM sleep cycle, which are paralleled by decreased conscious awareness (31) .
Results
Long-term dependence of BOLD signals was measured with the Hurst exponent (H), a single numerical quantity indicating the behavior of the autocorrelation function of a monofractal time series. [The behavior of a monofractal signal under a change of scale (SI Appendix, section 1) can be described by a single numerical exponent related to the fractal dimension. This behavior can be assumed as an adequate first approximation for fMRI time series (32) .] For a stationary signal, 0 < H < 1 holds with three qualitatively different cases: (i) 0:5 < H < 1 (the signal displays long-range positive autocorrelation, with high values likely followed by high values and low values likely followed by low values), (ii) 0 < H < 0:5 (the signal displays switching between consecutive time points, with high values likely followed by low values and vice versa), and (iii) H = 0:5 (the signal has exponentially decaying autocorrelation, including the possibility of no temporal correlation). A more detailed introduction to long-range temporal dependence and self-similarity can be found in SI Appendix, section 1. Simulating time series with a stochastic Gaussian process of known long-range temporal dependence (fractional Gaussian noise) (16), we first showed the suitability of detrended fluctuation analysis (DFA) (33) as a method to estimate H for time series of the same length as the BOLD signals used in our analyses (SI Appendix, Fig. S3 .1) and showed that the estimation accuracy compares favorably with the accuracy obtained for longer time series (SI Appendix, Fig.  S3.2) . (Because the BOLD signals under study comprise 5 min, it is important to verify that an accurate H estimate-compared with that estimate obtained from longer BOLD time series-is obtained.) H Gradually Decreases from Wakefulness to Deep NREM Sleep. We estimated H for all gray matter voxels and all stages of NREM sleep (wakefulness and N1, N2, and N3 sleep, with N1 being the earliest stage and N3 being the deepest stage). This analysis revealed a shift to exponentially decaying autocorrelation ðH = 0:5Þ in the progression from wakefulness to deep sleep. In Fig. 1A , the H and σ 2 probability distributions for all epochs and voxels are shown as well as the average gray matter H and σ 2 values (in both cases, they are discriminated by sleep stage). The effect of sleep stage on H was highly significant (F = 21:16, P < 10 −9 ). Posthoc tests revealed significant differences between both wakefulness and all other sleep stages (P < 10 −3 in all cases). Significance for the comparison N1 vs. N3 sleep wasP = 0:0014. Statistical significance was weaker for the difference between N2 and N3 sleep ðP = 0:0259Þ and the difference between N1 and N2 sleep ðP = 0:116Þ. To compare the observed H values with the expected scanner-induced noise, we scanned a water phantom in the bore of the MRI scanner using the same sequence that was used for the sleep data acquisition. The H probability distribution for the water phantom sharply peaked around H = 0:5, indicating the lack of long-range temporal autocorrelations. Fig. 1B shows the averaged anatomical distributions of H and σ 2 . H values in the range ≤0:5 are localized in the ventricles, whereas long-range temporal dependence was characteristic of the dynamics of cortical and subcortical gray matter. H and σ 2 exhibited a localized decrease and increase, respectively, which is discussed in the next section.
H During Deep Sleep Decreases in Frontoparietal DMNs and Attention
Networks. We performed a voxelwise comparison of H between wakefulness and all stages of NREM sleep. In Fig. 2A , we show the maps of statistical significance for the main effect of sleep stage for the mean of H together with results of posthoc tests between wakefulness and N2 and N3 sleep, and we assessed the directionality and sleep stage specificity of the effect. No voxels survived multiple comparison correction between wakefulness and light (N1) sleep. In contrast, a widespread decrease of H was observed for wakefulness vs. N2 and N3 sleep. Patterns of decreased H included parietal and frontal regions associated with DMNs and attention resting state networks. Additional decreases were located in the inferior temporal cortex and thalamus (regions sometimes included in the definition of the DMN) (2) . During N3 sleep, the pattern was more widespread, including most of the occipital cortex and extending to larger regions in the parietal and frontal cortices. In SI Appendix, Table S9 .1, information on local statistical significance maxima is presented. A replication of these results using a method in the time-frequency domain (wavelet analysis instead of DFA) is shown in SI Appendix, Variance During Deep Sleep Increases in Sensory Cortices. We analyzed differences in signal variance ðσ 2 Þ, a measure linked to BOLD amplitude and therefore, spontaneous activation. Statistical significance maps of voxelwise comparisons between wakefulness and all sleep stages are shown in Fig. 2B . The effect of sleep stage in σ 2 was significant in the visual cortex. We found no difference (with respect to wakefulness) for N1 sleep; however, N2 sleep was marked by an increase in σ 2 that affected all sensory regions (visual, auditory, and somatosensory), and N3 sleep was characterized by an increase restricted to the visual cortex. In SI Appendix, maxima is provided. Because a straightforward estimation of σ 2 can be biased by H (SI Appendix, section 6), we provide a replication of these results using a method in the time-frequency domain (wavelet analysis, which robustly estimates σ 2 ), which can be found in SI Appendix, Fig. S8.1 ), highlighting the fact that the H decrease is mostly related to tasknegative and attention regions and the σ 2 increase is mostly related to sensory cortices. This observation is quantified in Fig. 3 by computing the overlap (spatial correlation) between the maps of statistically significant differences and the RSNs identified in the same data. This analysis confirms that H decreases during N2 sleep are mostly confined to DMNs and attention networks, with smaller overlaps with other RSNs (including visual areas). N3 sleep is characterized by a more widespread H decrease, including the aforementioned networks and additionally, encompassing the visual RSN. However, maps of σ 2 increase only overlap with visual and sensorimotor RSNs during N2 sleep and the visual RSN during N3 sleep.
H and Variance Covary with Changes in EEG Spectral Content. Information integration theories (15) predict impaired consciousness in the presence of bistable cortical dynamics (34) , which are associated with the slowing of EEG during deep sleep. This prediction prompted us to analyze the relationship between the Δ-band (1-4 Hz), H, and σ 2 . In Fig. 4A , we show the spatial significance maps for the correlation between H and variance with δ-power (averaged from all channels). H correlates negatively in frontoparietal regions resembling DMNs and attentional networks, whereas BOLD variance shows a positive correlation in visual areas only. In Fig. 4B , we show scatter plots of H and σ 2 vs. δ for all wake and sleep epochs included in the study. BOLD signals used to estimate H and σ 2 were extracted from seeds defined in SI Appendix, Tables S9.1 and S9.2, respectively, and include DMNs and primary sensory motor regions; in these regions of interest, δ-power predicts increased H and decreased σ 2 , respectively.
Discussion
In this work, we show compromised frontoparietal temporal autocorrelation in deep sleep, a brain state characterized by diminished conscious awareness. Our results establish that this property is gradually diminished from wakefulness to deep sleep. DMNs and attention networks are affected in the deeper sleep stages, comprising anatomical patterns markedly different to those of networks exhibiting increased signal variance. Ever since the earliest days of scalp EEG, the presence of slowand high-amplitude waves has been used as an objective marker of sleep depth (35) . Long-range temporal memory is a landmark of power fluctuations in faster EEG and magnetoencephalography frequencies, such as α (8-12 Hz) or β (13-30 Hz) (21); in contrast, a decreased H exponent relative to the exponent of wakefulness is associated with the slow rhythms that herald the onset of deep sleep (36) . Furthermore, sleep stage-dependent alterations in the 1/f electrocorticography power spectrum have recently been reported, which are closely linked to the autocorrelation regime (24) .
Because the temporal resolution of fMRI is superseded by its high spatial specificity, it is a natural approach to focus on RSNs when studying how sleep-induced loss of conscious awareness impacts on resting state BOLD signal fluctuations. Although specific patterns of large-scale connectivity are characteristic of different NREM sleep stages (37) (in fact, allowing fMRI-based sleep staging) (38) , ample evidence suggests that canonical RSNs are grossly preserved during sleep (7, 8) (SI Appendix, Fig. S8.1) , possibly with weakened intranetwork connectivity in the case of the DMNs (11, 12) . However, neural activity giving rise to the fMRI BOLD signal unfolds in the presence of a rich structural connectivity, which is known to be reflected in functional connectivity over relatively long temporal scales (39, 40) . Therefore, patterns of anatomical connectivity could induce the homeostatic maintenance of BOLD coherence into RSN, even in the absence of complex temporal processing.
Recent work highlights the physiological relevance of longrange temporal dependence in the fMRI BOLD signal, showing anatomical specificity in the distribution of H exponents, correlation with brain glucose metabolism, and modulation by task performance (17, 18) . Long-range temporal memory in the regional BOLD signal has been related to spontaneous information processing during the wakeful resting state, and activation caused by cognitive performance results in a loss of this property (17) . The observed breakdown in the autocorrelation of BOLD fMRI during deep NREM sleep is unlikely related to increased BOLD activation; on the contrary, evidence exists that transient episodes of diminished conscious awareness imply deactivation of default mode areas (41, 42) . BOLD variance, an index measuring intensity of activity fluctuations, is not affected by sleep in the frontoparietal network related to H changes. Task-induced deactivation also reduces long-range correlations (17) , which could indicate an optimal dynamic range during wakeful rest. Taking this last observation into account, we speculate that long-range temporal memory is an essential characteristic of the unrestrained cognition occurring during the conscious, wakeful resting state, which can be suppressed by either loss of conscious awareness (as in deep NREM sleep) or focusing in demanding cognitive tasks.
The variance of spontaneous fMRI BOLD signal fluctuations also shows spatial specificity across the human cerebral cortex and decreases during activation/deactivation; furthermore, a positive correlation between variance and H exponent has been shown for specific brain regions during wakefulness (17, 43) . In the present work, we found patterns of increased BOLD signal variance during deep NREM sleep that are compatible with previous results found by other researchers but obtained only for N1 or early sleep (29, 30) . We have also shown that H exponent and signal variance changes affect different networks during the deeper sleep stages. A possible source for the observed variance changes is the polymodal BOLD deactivation (44) induced by environmental stimuli during sleep (possibly having a role in sleep protection) (45) , which could be repeatedly triggered by scanner noise or internal stimuli and thus, contribute to an increased signal variance in the sensory cortices.
In a previous EEG-fMRI study, we linked spontaneous BOLD fluctuations in the DMN to EEG 17-23 Hz β-activity and spontaneous BOLD fluctuations in an attentional network to decreasing 8-12 Hz α-activity (46) . The present results are consistent with these findings, given that these fast frequencies disappear along the descent to deep sleep. These frequencies can also be nested with slowly fluctuating scalp potentials (24, 27) . In particular, a possible neurophysiological substrate for our results can be found in the slow cortical potential (SCP), a slow ð<4 HzÞ fluctuation predominantly generated by synaptic activity at apical dendrites in superficial cortical layers (47) . Similar correlation patterns between the SCP and fMRI BOLD signal have been reported, which were also maintained in states of greatly diminished conscious awareness, such as slow wave sleep (48) . A functional role for the SCP in the generation of conscious awareness was recently suggested (47) . We analyzed the H exponent of EEG amplitude envelopes for different frequency bands and found differences only in the β 2 -(17-23 Hz) and α-bands (8-12 Hz); there were no changes in the slower-frequency bands (these results are in SI Appendix, section 16 and Figs. S16.1-S16.3). This result is consistent with frequency-specific EEG-fMRI correlations (46) . It is likely, however, that even slower frequencies (accessible and the RSNs revealed with ICA (for N2 and N3 sleep). Results were compared with 1,000 surrogate H and σ 2 maps with preserved first-order statistics (obtained by phase randomization), and an empirical P value was obtained by counting the instances of smaller correlation using the randomized versions (*P < 0.05, corrected), resulting in significant correlation of attention networks, DMNs, and visual RSNs with H significance maps during N2 and N3 sleep. through direct current measurements) have to be examined to establish changes in SCP autocorrelation during deep sleep.
Long-range temporal correlations and 1/f spectra are generic features predicted by self-organizing criticality, a theory of collective interactions that naturally accounts for many empirical observations about brain activity at different scales (20, 49) . At the fMRI level, these features include the presence of long-range spatial correlations (50), power law-distributed avalanches of activity (51), and emergence of correlated structures resembling RSNs (52) . The observed H exponent modulation by sleep prompts the possibility that self-organizing criticality in the human brain is not a trivial and unavoidable consequence of physical laws but rather, contributes to define the dynamical regime of conscious resting state activity, which can be changed during altered states of consciousness. A recent study reported changes in the power law distribution of neural avalanches measured with intracranial recordings during deep sleep, which is also consistent with this conjecture (53) .
In conclusion, the loss of conscious awareness occurring during human NREM sleep is associated with hindered integration of brain activity not only across space but also in the temporal domain. The unified perceptual scene that we experience at any given moment during consciousness is accompanied by a sense of temporal continuity. Our results suggest that long-term memory in the history of neural processing of specific brain regions is a temporal signature of the spontaneous conscious mentation performed during wakeful rest. The extension of our analyses to other states of impaired consciousness might improve the understanding of conscious awareness and its relationship with long-range temporal dependence, a topic deserving additional exploration. Subjects. A total of 63 nonsleep-deprived subjects was scanned in the evening (starting from ∼8:00 PM) and preliminarily included in the study (written informed consent; approval by the local ethics committee). Eight subjects had no epochs of sleep and formed a dataset to test DFA on long (1,500 volumes) BOLD signals without vigilance switches; 55 subjects reached at least sleep stage N1. For these subjects, we scanned the hypnograms searching for epochs of contiguous sleep stages lasting longer than 5 min (150 volumes). Subjects having only epochs of wakefulness fulfilling this criterion were excluded from the analyses, leading to a more balanced dataset of 39 subjects; 70 epochs of wakefulness, 42 epochs of N1 sleep, 47 epochs of N2 sleep, and 38 epochs of N3 sleep were included in the analyses. The detailed sleep architecture of each participant can be found in SI Appendix, half maximum). Cardiac-, respiratory-, and motion-induced noises were regressed out using the RETROICOR method (56). Short periods (up to 6 volumes) of large (>0.25 mm translational motion with respect to a reference volume) motion events were eliminated from the analysis using the information in ref. 57 . Data were band pass-filtered in the range of 0.01-0.10 Hz using a sixth-order Butterworth filter. An ICA was performed on the dataset comprising all epochs from each sleep stage using MELODIC FSL. Components reproducing six well-established RSNs (3) were thresholded at Z = 2.3.
Materials and Methods

EEG-fMRI
H Exponent Estimation with DFA. DFA (33) quantifies the presence of longrange temporal dependence in a time series, and it has been developed to account for possible nonstationarities (local trends) in the data (a general discussion on long-range temporal dependence is in SI Appendix, section 1). Given x i , a series of consecutive measurements, the first step is to subtract the mean and obtain the cumulative sum of the signal:
where AE,ae denotes time average. Next, this signal is divided into nonoverlapping time windows of length L, and each is labeled Y k j , where j indexes measurement number (ranging from 1 to L) and k indexes the time window (ranging from 1 to the length of X t divided by L). Then, a linear function is fitted using least squares in each time window Y 
[2]
The F k values are then averaged across all time windows to yield the fluctuation function, FðLÞ. For a scale-free or self-affine signal, FðLÞ ∝ L α . In the case of 0 < α < 1, the time series is stationary, and we identify α with H. We have applied DFA with window sizes of 15, 25, 30, 50 , and 75, which were selected using the procedure described in SI Appendix, section 2. The procedures followed to assess the goodness of fit are also described in SI Appendix, section 2.
Statistical Testing. To guarantee statistical independence, H exponent and variance maps of every subject were averaged across epochs, yielding n = 27 (wakefulness), n = 20 (N1 sleep), n = 24 (N2 sleep), and n = 13 (N3 sleep). The effect of sleep stage on H and σ 2 was assessed using ANOVA tests. To assess the directionality of the effect, posthoc Student t tests were performed. Corrections for voxelwise multiple comparisons using random Gaussian field theory were performed with Statistical Parametric Mapping 8.
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